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Introduction
The linear first-order relationship between steady-state pulmonary oxygen uptake (pV O 2 ) and work rate (Ẇ) amplitude during moderate exercise is one of the constants of exercise physiology that enable the system output (i.e. steady-state pV O 2 ) to be predicted from the input (i.e.Ẇ), yielding an estimate of energy expenditure (Åstrand, 2003; Pescatello, 2014) . The linear characteristic follows the superposition law such that any further input increment should lead to a proportional first-order output response (linear static gain; Whipp & Wasserman, 1972; Hughson et al. 1990 ). In addition, in a purely linear system the rate at which the pV O 2 increases during moderate-exercise transitions (usually characterized by the time constant τ) is independent of theẆ amplitude, denoted as linear dynamic gain (Hansen et al. 1988; Ozyener et al. 2001; Hughson, 2009) . However, previous studies (Hughson & Morrissey, 1982; Brittain et al. 2001; Faisal et al. 2010; Wilcox et al. 2016) have challenged the dynamic gain linearity, even in the moderate-intensity domain, by varying the baselineẆ that precedes exercise transitions. Previous studies (Hughson & Morrissey, 1983; Keir et al. 2016; Wilcox et al. 2016) have shown that the apparent first-order pV O 2 dynamics to aẆ increase can be the resultant of the complex interaction between the static and dynamic aerobic system gains that are directly influenced by the O 2 delivery-utilization balance. The pV O 2 dynamics during exercise transition is useful not only to study the 'speed' of the aerobic system adaptation but also the anaerobic component of the response by the O 2 deficit analysis.
The analysis of pV O 2 kinetics in the frequency domain using a pseudo-random binary sequence (PRBS) protocol (Hughson et al. 1988 Eßfeld et al. 1991; Hoffmann et al. 2013 ) might provide an alternative way to assess pV O 2 dynamic distortions. The PRBS protocol switches the system input between two moderate levels following a very specific order and, as opposed to constantẆ protocols (Brittain et al. 2001; Bowen et al. 2011) , offers a unique possibility to test distortions in pV O 2 dynamics simultaneously across a wide range of stimulus frequencies and metabolic rates (Hughson, 1990) . For the sake of comparison between time-and frequency-domain responses, the study of the pV O 2 gain at a specificẆ frequency can be interpreted as the investigation of the aerobic system kinetics at a specific portion of the transient response in the time domain (Hoffmann et al. 1994) . Higher frequencies refer to the beginning of the transient phase response, whereas lower frequencies refer to the responses closer to steady state (Hoffmann et al. 1994) . A linear aerobic system with constant static and dynamic system gains should follow a single-order function, where the system output at anyẆ frequency is fully predictable by the system analysis at any other frequency (Hoffmann et al. 1994 ).
To explore further the aerobic system linearity and how the O 2 delivery-utilization balance behaves in random exercise, the aim of the present study was to compare experimental and in silico oxygen uptake (V O 2 ) data obtained during the PRBS protocol along with estimated cardiac output (Q ) and deoxygenated haemoglobin concentration ([HHb] ) measures as indications of central and local O 2 availability, respectively. It was hypothesized that the apparent high complexity of the pV O 2 rate of increase to aẆ stimulus is a consequence of the complex interaction between the O 2 delivery and utilization systems. In addition, a new method, based on the mean normalized gain amplitude (MNG) in the frequency domain, is introduced for the characterization of the pV O 2 response and its contributing components during random exercise stimulus.
Methods

Study design
Thirteen active, not athletically trained, healthy male adults (27 ± 7 years old, 174 ± 7 cm and 78 ± 14 kg) enrolled in this study. The Office of Research Ethics at the University of Waterloo reviewed and approved the research procedures (ORE 20931, 11/2/15) that were consistent with the Declaration of Helsinki. Written, informed consent was obtained from all participants. The PRBS exercise protocol was repeated two times in a row, followed by a symptom-limited incremental protocol (25 W min −1 ramp) for the determination of the gas exchange threshold (GET; Beaver et al. 1986 ) and peak pV O 2 . All participants had previous experience with cycle ergometer exercise and performed an additional familiarization protocol (1 min at 25 and 100 W) before each test. The exercise testing was performed on an electrically braked cycle ergometer controlled by an external, preprogrammed module (Lode Excalibur Sport; Lode BV, Groningen, Netherlands) that reaches the desireḋ W to be achieved in <1.5 s.
Based on the incremental protocol, the GET and maximalV O 2 were estimated. For these estimations, V O 2 and carbon dioxide output data were smoothed by seven-breath moving average. The maximalV O 2 (38.0 ± 6.7 ml min −1 kg −1 ) was considered as the averagė V O 2 of the last 15 s during peak exercise, characterized by the following: (i) identification ofV O 2 plateau with an increase in work rate; and (ii) respiratory exchange ratio higher than 1.1 (Howley et al. 1995) . The GET (27.4 ± 5.1 ml min −1 kg −1 ) was obtained following a standard method (Beaver et al. 1986 ). Owing to technical problems (signal lost), one participant was removed from the GET estimation. TheV O 2 at GET corresponded to 73.6 ± 10.2% of the maximalV O 2 .
A digital shift register with an adder module feedback (Fig. 1A ) was used to generate the PRBS protocol ( Fig. 1B ; Kerlin, 1974; Bennett et al. 1981; Hughson et al. 1990) . Each of the two consecutive PRBS protocols comprised 45 units (25 or 100 W) of 30 s duration (15 min total). The target cadence was controlled by visual feedback and maintained between 60 and 65 r.p.m. In addition, 200 s of extra PRBS segment was added at the beginning of the protocol (denoted as 'warm-up' in Fig. 1B ) in order to minimize the influences of the rest-to-exercise transition (Eßfeld et al. 1987; Hughson et al. 1990 ). The selected higherẆ (100 W) provided a reasonable stimulus that constrained the exercise in the moderate-intensity domain (Beltrame & Hughson, 2016) but still delivered sufficient input signal energy to identify pV O 2 responses for a good range of frequencies (Eßfeld et al. 1987; Hoffmann et al. 2013) .
Data acquisition
The pV O 2 and the carbon dioxide output were measured by a portable metabolic system (K 4b 2 ; COSMED, Rome, Italy). This metabolic unit is based on a chemical galvanic O 2 sensor with accuracy >99%. The air volume was measured by a low-resistance turbine with accuracy >98% according to the manufacturer. Ventilation and gas concentration signals were synchronized by proprietary software and stored breath by breath for further analysis. Before each visit, the gas concentrations, lag time of the gas analysers and air volume/flow were calibrated according to the manufacturer's specifications.
A multidistance continuous-wave near-infrared spectroscopy (NIRS) device (PortaMon, Artinis, The Netherlands) was used to evaluate the dynamic changes in vastus lateralis deoxyhaemoglobin and deoxymyoglobin concentration to make inferences about muscle O 2 extraction. A recent investigation of NIRS technology and assumptions concluded that even though myoglobin might contribute >50% of the NIRS signal change with exercise, the deoxy signal reflects O 2 extraction (Davis & Barstow, 2013) and can be used as an index of deoxyhaemoglobin concentration ([HHb] , micromolar; Boushel et al. 2001) . The two work rates of the current study, 25 W and 100 W, were constrained to a relatively small range so that large changes in deoxymyoglobin and microvascular haematocrit that are observed with rest to exercise transitions (Davis & Barstow, 2013) would not impact the results. The light-emitting probe was composed of three light-emitting diodes operating at two wavelengths (λ 1 = 845 nm and λ 2 = 759 nm), resulting in six different light sources with different light in-out distances (ß35 mm). All cautions regarding the differential path length factor (set at 5.8) were taken based on previous literature (Kowalchuk et al. 2002) . The probe was placed in the target area, and the device was warmed up for at least 30 min before the data collection. To avoid any motion artifact and ambient light influences, the probe was fixed by tape, and then a dark cloth was gently wrapped around the thigh. The sample rate was 10 Hz. To ensure that the near-infrared light was penetrating into the muscle layer, callipers were used to measure the skinfold thickness under the probe. The average thickness was 5.6 ± 3.4 mm, ß32% lower than half of the light in-out distance, which indicates good light penetration and a good muscle-to-skin blood flow signal proportion. The [HHb] data were normalized by the steady-state signal obtained during 3 min of free-wheel cycling before the PRBS protocol; therefore, the [HHb] unit was expressed as the change in micromolar ( μM). T. Beltrame and R. L. Hughson of the third finger pulse-wave pressure (Wesseling et al. 1993) . Linearity between this estimate (Modelflow) and rebreathingQ has previously been demonstrated in steady-state exercise (Faisal et al. 2009) . Issues related to the validity of the temporal characteristics of the Modelflow in estimation ofQ during exercise transitions will be described further in this study.
Time-domain analysis
In addition to the frequency-domain analysis described below, time-domain analysis of the pV O 2 data was performed on a data segment of the PRBS protocol. Data from the two consecutive PRBS were filtered by five-breath moving average, time aligned and ensemble averaged (Keir et al. 2014 ) to obtain a single response per participant. The total data window length for this analysis was 130 s, which included 10 s of baseline (25 W) followed by 120 s at 100 W. The 120th second of the PRBS protocol was set as time zero. This specific data window, corresponding to the longest period withoutẆ variation, was the best PRBS protocol window for time-domain analysis. The following equation was used to fit the pV O 2 data (Hughson & Morrissey, 1982; Whipp et al. 1982) : pV O2 (t) = a 0 + a[1 + e −(t−TD)/τ ], where t is time, a 0 is the baseline at 25 W, a is the steady-state increment at 100 W, τ is the time constant, and TD is the time delay of the exponential function. The initial data associated with the cardiodynamic component (ß22 s) were excluded by detection of the change in total arteriovenous O 2 difference (a-vO 2 diff) obtained by the ratio pV O2 /Q (Barstow et al. 1990 ). According to previous literature (Macdonald et al. 1997) , the mean response time (MRT) was calculated by adding τ and TD. The quality of the fitting was assured by the analysis of residuals, degree of linear correlation between experimental data and fitted function (r), 95% confidence interval band (CI 95 ; Fawkner et al. 2002; Keir et al. 2016) , absolute and relative standard error (SE and %SE, respectively) and the statistical significance level (P ) of the estimated parameters.
In silico aerobic response
To test the aerobic system linearity, in silico simulations were conducted to create a purely linear aerobic response for comparison with the experimentally obtained variables. This comparison allowed us to investigate the aerobic system complexity during random stimuli. The simulated linear muscular aerobic system signal (smV O 2 ; Ozyener et al. 2001; Hoffmann et al. 2013) was based on each participant's own time-domain pV O 2 kinetics parameters (a 0 , a and MRT). These simulations (13 in total) considered the first-order delayed exponential nature of the on and off musculaṙ V O 2 kinetics (Henry, 1951; Hughson, 2009 ). The single time constant was obtained by incorporating TD into the MRT as performed for PRBS by Hoffmann et al. (2013) . Simulations were based on a constant muscle compartment(s) activation-deactivation (Barstow et al. 1990; Keir et al. 2016) between the monotonic exercise transitions (25 ↔ 100 W), with identical system dynamics between on-and off-transitions (Hoffmann et al. 2013) ; thus:
where tf is the length of the PRBS unit. Therefore, based on these physiological assumptions and individual time-domain parameters, the following algorithm was programmed to generate the smV O 2 time-series signal in response to PRBS input:
where y is the smV O 2 value at a given PRBS time n, and u is the PRBS time at the beginning b and at the end e of the protocol unit.
Frequency-domain analysis
The raw data from the input (Ẇ) and outputs (smV O 2 , pV O 2 ,Q and [HHb]) were submitted to frequency-domain analysis. The target frequencies from 0.002 to 0.013 Hz (i.e. from the fundamental to the sixth harmonic) were selected according to previous literature Hoffmann et al. 1992 Hoffmann et al. , 2013 . This frequency range represents a realistic exercise stimulus corresponding to a sinusoidal function with a period range of 77-450 s. The responses were limited to the sixth harmonic because the input power (i.e. work rate) starts to decrease considerably after 0.013 Hz, because the unit duration was 30 s . Therefore, at higher frequencies, the observed frequency-domain responses might not be a direct consequence of the exercise input, introducing errors to system gain calculations. As illustrated in Figure 2 , the following trigonometric form of the Fourier series was solved for each harmonic h :
, where y is the signal to be fitted, t is the time, a DC is average response (system DC offset ), f 1 is the fundamental frequency (1/450 s or 0.002 Hz in this case), and A h and B h are the cosine and sine amplitudes for a given harmonic h, respectively. From A h and B h , the total amplitude can be calculated for each harmonic
h . Secondary variables were obtained from these parameters. As a proxy of local O 2 delivery, the Amp h of the capillary blood flow (ĊapBF) was obtained by the ratio pV O 2 −Amp h / [HHb] −Amp h at each h (Ferreira et al. 2005; Buchheit et al. 2009 ). Likewise, the Amp h of the a-vO 2 diff was obtained by the ratio pV O 2 −Amp h /Q −Amp h at each h (Barstow et al. 1990) . 
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Normalized frequency-domain responses
To allow comparison between variables and to eliminate the influence of the static gain intrasubject variability (Hoffmann et al. 1992 (Hoffmann et al. , 1994 , the system normalized gain (Âmp h ) was obtained from dividing the output by the input Amp h (system gain) for each harmonic h and then normalizing as a percentage of the Amp gain at the fundamental frequency (i.e. Amp 1 gain). A new index to characterize system dynamics in the frequency domain, the mean normalized gain amplitude (MNG; expressed as a percentage), was calculated based on the average of the normalized gain fromÂmp 2 toÂmp 6 . In a purely linear system (like the in silico response), the MNG can be used as an overall kinetics description, hypothetically similar to the MRT obtained from time-domain analysis. In this case, MNG isolates speed components of the dynamics from variable system static gain and DC offset (Shmilovitz, 2005) . Therefore, in a purely linear first-order exponential response, higher MNG means, by definition, faster system adjustment. However, MNG can also be used to assess system complexity (i.e. order) by identifying distortions over the dynamic gain across the frequencies. Accordingly, in a multiple-order system, higher MNG values could mean either higher system complexity or faster system adjustment. Therefore, the possibility of using MNG as an index exclusively to assess the aerobic system temporal dynamics depends on the linearity (i.e. order) of the signal. Both kinetics analyses and data simulations were performed by a certified (#100-314-4110) LabVIEW-associated developer (National Instruments, Austin, TX, USA).
Statistical analysis and system linearity assessment
The one-way repeated-measures ANOVA was chosen for statistical analysis. The Student-Newman-Keuls method was used as a post hoc test when significant differences were found. The significance level was set at P < 0.05. The agreement level between MRT and MNG was verified by Pearson product-moment correlation coefficient (r) and the significance level (P value).
In a linear first-order system, the temporal dynamics between frequencies (i.e. theÂmp h for the different values of h) should be commutable, allowing the prediction of the output dynamics at any frequency by analysing the output dynamics at any other frequency. In contrast, multiple-order systems do not present a predictable linear pattern between the different values ofÂmp h . For example, in a first-order system, a participant who presents faster dynamics atÂmp 2 should also present faster dynamics at Amp 6 ; thusÂmp 2 is, at a certain degree, predictable bŷ Amp 6 , and vice versa. Therefore, the linearity was tested for each variable for all possible combinations ofÂmp between the different values of h (10 in total for each variable). The coefficients of determination (r 2 ) and the P values were used to measure the linearity level of thê Amp between values ofh. When the P values were >0.05, the null hypothesis of linearity was rejected, indicating the presence of non-linearities. In addition, the ability of a givenÂmp h to predict the overall response (i.e. MNG) was also assessed. For these assessments, MNG was calculated excluding theÂmp h being tested. Figure 3 displays the mean pV O 2 response in the time domain fitted by a mono-exponential function as well as the fitting residuals. These data were used to derive the fitting parameters used for the smV O 2 in silico data in response to the PRBS input. Also, the calculated MRT for each individual was compared with a kinetics estimate from the frequency-domain analysis (i.e. MNG). The steady-stateV O 2 relative to body weight at 100 W, estimated from the sum of a 0 and a (Table 1) , was 22.7 ± 3.4 ml kg −1 min −1 , which corresponded to 83.5 ± 9.3% of theV O 2 at GET and 60.5 ± 8.5% of the maximalV O 2 . In agreement with previous literature (Hoffmann et al. 2013) , the system gain calculated by a/ Ẇ (or 100 − 25, 75 W) was 10.02 ± 1.99 ml min −1Ẇ−1 . Therefore, the 100 W work rate was constrained to moderate-intensity exercise.
Results
Time-domain fitting
The P values for the exponential parameters and the data-fitting quality indexes were <0.001 for all estimated parameters (Table 1 ). The CI 95 band was equivalent to 2.3, 5.59, 21.62 and 17.6% of the average a 0 , a, τ and TD, respectively. The CI 95 band in association with a high r and r 2 and the evenly distributed residuals across the transition indicate that the time-domain data fitting procedure can be considered reliable. The chosenẆ (100 W) did not elevate the pV O 2 total gain (a 0 + a 1 ) beyond each participant's gas exchange threshold. Figure 4 displays the mean time-domain response averaged across all participants (n = 13) for the variables measured during the PRBS protocol.
Speed of the system output responses
The data related to the variables displayed in Fig. 4 were submitted to frequency-domain analysis, and the results were used to estimate the Amp n of secondary variables. Figure 5 shows the system normalized gain (Âmp h ) for the primary variables at each tested frequency (or harmonic h) expressed as a percentage of the gain at 0.002 Hz (Amp 1 ). The purpose of these comparisons was to verify the differences of the adaptation speed between variables at different frequencies, or h. Higher Amp h values indicate faster temporal dynamics of the response.
TheQ −Âmp , as a proxy of central O 2 provision dynamics, presented the same speed of adaptation in comparison to the in silico data, with no statistical differences found in comparison to smV O 2 −Âmp at any frequency (Fig. 5) . Likewise, the pV O 2 −Âmp was not statistically (P > 0.05) different from smV O 2 −Âmp at any tested frequency, indicating a similar speed of adaptation at all tested frequencies.
As a proxy of the O 2 extraction at the muscle site, the [HHb] dynamics for all tested frequencies were faster than the central O 2 provision dynamics (Q −Âmp ) and the 
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pV O 2 (Fig. 5) . In comparison to the in silico response, the [HHb] −Âmp was also statistically (P < 0.05) elevated at all frequencies. The dynamics of the O 2 extraction across the lung (a-vO 2 diff−Âmp h ) and the local O 2 delivery (ĊapBF−Âmp h ) were compared between variables and with smV O 2 −Âmp h at each h. TheĊapBF was statistically (P < 0.05) slower (i.e. lowerÂmp ) than a-vO 2 diff at the first three harmonics (0.004, 0.006 and 0.008 Hz; Fig. 6 ). The in silico system (smV O 2 ) was statistically (P < 0.05) slower (i.e. lowerÂmp ) than a-vO 2 diff at all tested frequencies and slower thanĊapBF at 0.011 and 0.013 Hz.
Like MRT obtained by time-domain analysis, the MNG can be used in the frequency domain to describe the overall characteristics of the dynamics response. The local O 2 extraction dynamics investigated by the [HHb] -MNG was faster (i.e. higher MNG) than the smV O 2 , pV O 2 andQ (Fig. 7A ). As described in Fig. 7B , the a-vO 2 diff-MNG was statistically (P < 0.05) faster (i.e. higher) than the smV O 2 andĊapBF−MNG. In addition, theĊapBF−MNG was statistically (P < 0.05) faster than the in silico response (smV O 2 ).
The agreement level between the pV O 2 −MRT and pV O 2 −MNG was also verified. As demonstrated by a strong negative linear correlation (r = −0.84) in Fig. 8 , subjects with a faster overall system dynamic (indicated by lower pV O 2 −MRT values in time-domain analysis) maintained an elevated gain across the frequency spectra (assessed by the pV O 2 −MRT in frequency-domain analysis). Figure 9 displays the ability to predict anotherÂmp h based on a given value ofÂmp h obtained at a different h (frequency) assessed by the r 2 and P values. For a better visualization, the r 2 values were transformed into a black colour spectrum, where lower values are lighter and higher values darker. White cells mean that the agreement level did not reach statistical significance (P > 0.05). As expected from the algorithm used to generate the in silico data, the smV O 2 −Âmp response at a given frequency can be obtained from the analysis of the smV O 2 −Âmp response at any other frequency. In contrast, all variables (primary and secondary) seemed to behave as a multiple-order system, with possible multiple controllers that define the overall dynamic of the system in response to a stimulus with different levels of r 2 across the harmonics (Fig. 9) another frequency) in six comparisons. TheQ and [HHb] showed elevated complexity at five and four comparisons, respectively. Figure 10 displays the ability of a givenÂmp h to predict the overall response (i.e. MNG calculated excluding thê Amp h being tested). Like Fig. 9 , the predictability levels were assessed by the r 2 and P values. As expected, the 
Linearity of the system output responses
Figure 7. Mean normalized gain (MNG)
A, mean ± SD of the MNG obtained by frequency-domain analysis and used as an index of the overall dynamics behaviour of the simulated muscular oxygen uptake (smV O 2 ), pulmonary oxygen uptake (pV O 2 ), cardiac output (Q) and deoxyhaemoglobin concentration ([HHb] The present study used novel analyses in the frequency domain referenced to in silico data (smV O 2 ) to reinforce the elevated complexity of the aerobic system response to exercise. We demonstrated that the overall pV O 2 kinetics can be decomposed to multiple-order kinetics (Figs 9 and  10) . The frequency range (0.002 to 0.013 Hz) used in this study represented a realistic exercise stimulus, which corresponded to a sinusoidal function with a period range of 77-450 s.
Speed of the system output responses
The speed of the output responses for a given stimulus at a given frequency was investigated by comparing thê Amp h between variables. As a normalized index, theÂmp h separates the temporal dynamics of the system from the static system gain (Hoffmann et al. 1992) . Therefore, faster responses will present higherÂmp h values independently of the static system gain.
The O 2 extraction dynamics at both peripheral ([HHb]) and central (a-vO 2 diff) compartments were faster than the in silico data across all tested frequencies (Figs 5  and 6 ). The speed of the aerobic system dynamics was not statistically different (P > 0.05) from the central O 2 delivery at all tested frequencies (Fig. 5) . TheQ responses, which represent the central O 2 delivery, were slower than the peripheral O 2 extraction, evaluated by the [HHb] dynamics, at all tested frequencies. In addition, theĊapBF responses, which represent the peripheral O 2 delivery, were slower than the alveolar O 2 extraction, represented by the a-vO 2 diff dynamics, at lower frequencies. These data together suggest that O 2 extraction kinetics were in general faster than the aerobic adjustment, suggesting a lack of O 2 provision, which would be consistent with observations in the time domain (DeLorey et al. 2003) . In agreement with our findings within each frequency, the overall temporal dynamics evaluated by the MNG (Fig. 7) showed systematically faster kinetics for the O 2 extraction in comparison to the O 2 delivery and uptake. In addition, like the MRT obtained in time-domain analysis, the use of the MNG to characterize the temporal dynamics of the aerobic response based on pV O 2 signal can be used to describe the overall system temporal dynamics analysis (Fig. 8) .
Linearity of the system output responses
The linearity of the output responses was tested by estimating the ability of a givenÂmp h to predict anotherÂmp h at different frequencies as a method to assess the commutability of the dynamics measure at different frequencies. In addition, we tested the ability of a givenÂmp h to predict the MNG. The r 2 and P value of a linear regression model were used for this evaluation.
In agreement with Koga et al. (2014) , the local O 2 delivery presented the lowest degree of linearity (Figs 9 and 10). This might indicate that attempts to fit thė CapBF response into first-order models (Ferreira et al. 2005; Harper et al. 2006) , which refer to the 'fundamental phase' of the pV O 2 response, may fail to characterize 'physiological' events but rather represent an aggregate of multiple-order responses that are treated as the local O 2 delivery dynamics. This observation indicates some advantages of the frequency-domain approach in the sense of offering a more detailed description of the system dynamics resulting from the provision of optimal stimulus amplitude to study multiple frequencies simultaneously with the PRBS protocol.
Non-linearities were also identified in all other variables (Fig. 9) . As indicated in Fig. 10 , in at least one frequency the output temporal dynamics, characterized by theÂmp h , failed to predict the dynamic of the rest of the response (MNG). However, the presence of non-linearities in a physiological response does not mean that the overall system temporal dynamics (aggregated of multiple-order responses) cannot be used to investigate health-related outcomes. For example, it is well described in literature (Powers et al. 1985; Eßfeld et al. 1987; Chilibeck et al. 1995; Yoshida et al. 2008 ) that the overall dynamics of the pV O 2 response varies according to fitness status, and it was previously associated with clinical outcomes (Borghi-Silva et al. 2012) and functional mobility performance (Alexander et al. 2003) .
The presence of non-linearities points to the question of whether there is a single controller that limits the aerobic adjustment during different stimulus frequencies or within the same exercise transitions (Hughson, 2009) . Classically, the discussion of the mechanisms that limit the aerobic adjustment are based on the 'O 2 delivery versus O 2 utilization' issue (Tschakovsky & Hughson, 1999) , with part of the literature supporting one or another factor. However, it is becoming clearer (Hughson, 2009; Keir et al. 2016 ) that models that consider the complex interaction between O 2 delivery and utilization are more appropriate to study aerobic system dynamics. In fact, we showed that the overall pV O 2 dynamic is composed of a complex interaction between multiple-order systems. This elevated complexity of pV O 2 dynamics, mainly at higher frequencies, might also originate from the complex interplay between cardiovascular autonomic regulation as affected by the central command, baroreflex and exercise pressor reflex (Crisafulli et al. 2015) . Therefore, it seems illusory to believe that there is a single controller that defines the rate at which the aerobic system will supply the energetic demand.
Despite different [HHb] data modelling approaches, our findings are in agreement with previous studies (Harper et al. 2006; duManoir et al. 2010; Bowen et al. 2013 ) that reported a [HHb] overshoot during exercise transition, highlighting an increased data complexity. To solve this, some methods were developed to select the best [HHb] data window related to the muscularV O 2 , where the data apparently fit a first-order exponential-like function within the transition phase (Murias et al. 2011) . The r 2 and the P values indicate the ability of a given normalized system gain to predict another normalized system gain at a different frequency. These comparisons were performed to evaluate the linearity of the dynamics of the simulated muscular oxygen uptake (smV O 2 ; A), pulmonary oxygen uptake (pV O 2 ; B), cardiac output (Q; C), deoxyhaemoglobin concentration ([HHb] ; D), capillary blood flow (ĊapBF; E) and total arteriovenous O 2 difference (a-vO 2 diff; F). In a first-order linear system, participants who present faster dynamics at a specific frequency should also present faster dynamics at any other frequency. For a better visualization, the r 2 values were transformed into a black colour spectrum, where lower values are lighter and higher values darker. White cells mean that the agreement level did not reach statistical significance (P > 0.05).
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However, instead of taking the same approach of searching for the best data window for all non-linear variables, the system analysis in the frequency domain in association with the PRBS protocol of the present study provides an alternative method to achieve greater information. If a detailed response is needed, theÂmp h at each individual frequency can be analysed; otherwise, the overall system temporal dynamics can be obtained from the MNG calculation. An important advantage of the frequency-domain analysis is that no model assumptions are taken before data fitting. This approach allows the data to express the inherent degree of complexity across the different frequency gain amplitudes. In contrast, the time-domain approach has to assume the system transfer function characteristics and order beforehand (Motulsky & Ransnas, 1987) . Theoretically, time-domain forcing functions can incorporate multiple components to increase model complexity (Bell et al. 2001) . However, the elevated model degree of freedom associated with a limited signal-to-noise ratio usually precludes this approach. Data simulations have been used to test hypotheses regarding pV O 2 control (Barstow et al. 1990; Eßfeld et al. 1991; Cochrane & Hughson, 1992; Bowen et al. 2011; Hoffmann et al. 2013 ). The present study used the pV O 2 response to a low-frequency square input (longest step inside the PRBS) of each participant to generate, for him, purely linear responses to the PRBS exercise. The in silico output dynamics of smV O 2 are predictable at any frequency by the input through a single exponential transfer function with single temporal system dynamics (Figs 9A and 10A) . In contrast to this 'predictable' system, all variables presented a certain degree of non-linearity, especially theĊapBF. As hypothesized by Hughson (2009) , these observations imply that the time course at a specific portion of the response is not similar and possibly not controlled by the same underlying regulatory factor(s) that establish the time course at another phase of the adaptive response.
Limitations
As a characteristic of PRBS protocol that evaluates multiple frequencies simultaneously, the system input (Ẇ) also occurs at elevated metabolic rates (as depicted in Fig. 4A ). As previously reported (Hughson & Morrissey, 1982; Brittain et al. 2001; Keir et al. 2016) , the pV O 2 kinetics are delayed by a higher initial metabolic rate. However, the pV O 2 temporal dynamics were similar to the in silico data that were dynamically invariant across theẆ transitions. In addition, a previous study (Hoffmann et al. 1992) demonstrated that the multifrequency PRBS protocol was virtually similar to a sinusoidal exercise protocol initiated from a constant metabolic rate. In addition, evident non-linearities caused by an elevated metabolic rate might be present at higher frequencies not considered in the present study (i.e. periods shorter than 77 s).
The Modelflow algorithm, used to estimate theQ (and consequently, a-vO 2 diff), might present bias in comparison toQ estimated from other methods (Dyson et al. 2010) when changes in the total peripheral resistance are expected, as during exercise. Previous studies validated the use of ModelflowQ during dynamic steady-state exercise (Sugawara et al. 2003; Faisal et al. 2009 ). In addition, the present study used relativeQ values (normalized response in frequency domain) which, presumably, should decrease the influences of prediction bias over the temporal dynamic of theQ response. However, to the best of our knowledge, no studies have validated the temporal dynamics of theQ based on Modelflow during transitions between work rates as experienced with the PRBS protocol. Therefore, the estimatedQ temporal dynamics in our study remain to be confirmed.
The [HHb] response has been extensively used to investigate the local O 2 extraction dynamics (duManoir et al. 2010; Murias et al. 2011; Keir et al. 2016) and, when evaluated together with pV O 2 data, can be used to infer the localĊapBF (Ferreira et al. 2005; Buchheit et al. 2009 ). As a characteristic of the NIRS device used in this study, the interpretation of the [HHb] was constrained to its relative changes from a given baseline. However, as withQ , the [HHb] data were normalized when submitted to the proposed frequency-domain analysis. Therefore, as the focus of this study was the dynamic response of the variables, the temporal dynamics of the NIRS signals were reliable.
Conclusion
In agreement with our hypothesis, the aerobic response behaved as a non-linear phenomenon, possibly governed by the complex multiple-order interactions between the O 2 delivery and utilization systems. To the best of our knowledge, this is the first study to have evaluatedQ and [HHb] responses during a random exercise stimulus in humans, thereby incorporating measurements of central and peripheral cardiovascular responses into an investigation of the pV O 2 linearity. This study demonstrated the potential of the MNG to characterize the overall temporal dynamics of the aerobic system based on random pV O 2 data, which has clinical relevance. However, indexes such as MNG and MRT ignore the system non-linearity because the pV O 2 dynamics during exercise transitions are composed of amalgamated responses of multiple-order systems related to the O 2 delivery and utilization systems acting simultaneously to supply the energy demand that often cannot be isolated when applying preconceived models (Hughson, 2009) . In the present study, characterization of system dynamics across the frequency spectrum by investigating the relationships between theÂmp h revealed these non-linearities. Therefore, indices such as τ, MRT and MNG cannot be used as a detailed system dynamics index but as an overall description of the system temporal dynamics. The methodology introduced in the present study could be applied in complex pathophysiological conditions, such as chronic heart failure (Piepoli & Crisafulli, 2014) , to gain a better understanding of the central and peripheral circulatory contributions to metabolic control and resulting fatigue.
